Human exposure models often make the simplifying assumption that school children attend school in the same census tract where they live. This paper analyzes that assumption and provides information on the temporal and spatial distributions associated with school commuting. The data were obtained using Oak Ridge National Laboratory's LandScan USA population distribution model applied to Philadelphia, PA. It is a high-resolution model used to allocate individual school-aged children to both a home and school location, and to devise a minimum-time home-to-school commuting path (called a trace) between the two locations. LandScan relies heavily on Geographic Information System (GIS) data. With respect to school children attending school in their home census tract, the vast majority does not in Philadelphia. Our analyses found that: (1) about 32% of the students walk across two or more census tracts going to school and 40% of them walk across four or more census blocks; and (2) 60% drive across four or more census tracts going to school and 50% drive across 10 or more census blocks. We also find that: (3) using a 5-min commuting time interval F as opposed to the modeled ''trace'' F results in misclassifying the ''actual'' path taken in 90% of the census blocks, 70% of the block groups, and 50% of the tracts; (4) a 1-min time interval is needed to reasonably resolve time spent in the various census unit designations; and (5) approximately 50% of both the homes and schools of Philadelphia school children are located within 160 m of highly traveled roads, and 64% of the schools are located within 200 m. These findings are very important when modeling school children's exposures, especially, when ascertaining the impacts of near-roadway concentrations on their total daily body burden. As many school children also travel along these streets and roadways to get to school, a majority of children in Philadelphia are in mobile source-dominated locations most of the day. We hypothesize that exposures of school children in Philadelphia to benzene and particulate matter will be much higher than if home and school locations and commuting paths at a 1-min time resolution are not explicitly modeled in an exposure assessment. Undertaking such an assessment will be the topic of a future paper.
Introduction
Ambient concentrations of many air pollutants are elevated near roadways (Houston et al., 2004) . These include both criteria pollutants regulated by National Ambient Air Quality Standards (NAAQS) and ''air toxics,'' cancercausing pollutants regulated as ''hazardous air pollutants'' under Section 210 of the Clean Air Act. A rigorous examination of personal exposures to these pollutants requires that close attention be given to the time that people spend inside motor vehicles and alongside major roadways. This is particularly true for school children in urban areas, as many of them live near a major roadway, commute to school on such a road, and attend school also near a roadway. Many of them are in a mobile source-dominated location for a good portion of the day.
A number of studies have shown adverse impacts on children's health from living near roadways. Dispersion model estimates of nitrogen dioxide (NO 2 ) away from freeways (and residential distance from them), essentially, a surrogate for roadway concentration gradients, were associated with increased odds ratios of asthma for children living in 10 California communities (Gauderman et al., 2005) . Distance-weighted traffic density was statistically related to leukemia and other childhood cancers in Denver, CO (Pearson et al., 2000) . Traffic density or distance to nearby truck routes has been shown to be statistically significant contributors to residential indoor levels of NO 2 and elemental carbon (Baxter et al., 2007) .
Children's exposure to air pollutants from school buses during school commuting periods has been investigated. Fitz et al. (2003) ; Sabin et al. (2004) ; Behrentz et al. (2005) reported data on five pollutants measured in four locations: a background site, inside school buses, at two bus stops, and at the loading/unloading ''zone'' at one school. Commuting exposures were much higher than a central site monitor would suggest. A simplified exposure model (Behrentz et al., 2005) determined that the school bus commute contributed about 30% to the children's total daily black carbon exposures, 10% of total daily NO 2 exposures, and 15% of total daily particulate matter o2.5 microns (PM2.5) exposures. Factors affecting school bus commuting exposures included bus window configuration (open/closed), bus self-pollution, and the bus route, particularly the time spent in heavy traffic. We do not know of any study that has investigated personal exposures to mobile source pollutants of children walking to school along their normal path.
Location and activity are very important considerations in human exposure modeling (McCurdy and Graham, 2004) . With respect to modeling children's exposure to environmental pollutants, only a modest amount of attention has been given to the temporal and spatial aspects of school children's commute between home and school. Most exposure models ignore it; those that specifically consider school commuting usually simplify the situation and assume that children attend school in their own home census tract. These include EPA's own APEX (Air Pollutants Exposure: US EPA, 2007) and SHEDS (Stochastic Human Exposure and Dose: Burke et al., 2001 ) models. One early model that did not make that assumption is McCoy et al. (1999) . It essentially used a gravity-type relationship to distribute trips between home and school using school-type information (elementary, middle, etc) to weight the distance term in the denominator of the relationship. (It actually tried ten different weighting coefficients, and chose a ''critical value'' that was used to demark optimal school ''catchment areas.'') However, the sophisticated procedures used there seemingly have not been replicated.
We address the usual assumption that children attend school in the same census tract that they live in, using the City of Philadelphia as an example. Towards that end, we develop home-to-school commuting paths for school-aged children in the city. We also evaluate the proportion of homes and schools in that city, which are located near a major roadway (as defined by US Census Tiger files). This paper does not itself model school children's commuting exposures, but analyzes the data needed to do so; modeling results will be presented in a subsequent paper.
Methods
In general, our project involved assigning home and school locations for individual school children in Philadelphia, identifying major roadways in that city, modeling hometo-school commuting paths, and evaluating how these paths are compared with common exposure modeling assumptions often used. The main tool used to undertake these tasks was the LandScan model.
Demographic Data
Population data for school-aged children in Philadelphia (which also is a county by itself) were obtained from the 1990 and 2000 US census, along with the county-level projections for 2003, the year for which school enrollment data were available. This projection was then disaggregated to census tracts and blocks. Tract-level percentage changes from 1990-2000 were prorated to all blocks within each tract, and ''normalized'' in an iterative manner so that all 1,816 blocks added up to the 2003 county-level projection of 1,479,339 people, including 301,346 school-age children.
All children aged 5-17 years and 50% of 18-year olds were considered to be in K-12 schools, with 3% assumed to be home-schooled, based on a recent estimate from the National Center for Educational Statistics (Princiotta et al., 2004) . The age distribution of elementary, middle, and high school children was assumed to be 5-10, 11-13, and 14-18, respectively. The total number of children attending Philadelphia schools during the 2003-2004 school year was obtained from the Pennsylvania Department of Education (2007) , since the Commonwealth of Pennsylvania has assumed responsibility for Philadelphia's school system. Among other things, this situation makes it difficult to obtain data on enrollment information, school bus routes, where school children live and go to school, etc. We had to use publicly available web-based data and other sources of information for individual public and private school enrollment figures, for instance. We used the Department's data as the ''control total'' for distributing school-aged children to individual schools and residences. As specific data were not available, we had to assume that no child crossed the Philadelphia City line in either direction to go to school. This is a plausible assumption for the vast majority of students in Philadelphia attending public schools, but is less so for children attending private, nonparochial schools. There was no way to test this assumption given the data available to us. We used the LandScan USA model (Bhaduri et al., 2007) at a 1 km resolution to spatially decompose US census data to ''fill in the gaps.''
The LandScan USA Model LandScan USA is an ''Intelligent Dasymetric Spatial Model'' (Mennis and Hultgren, 2006 ) that spatially decomposes aggregated data from the US census to a uniform spatial grid of 3 arc-second (approximately 90 m) cell-size resolution. There are 58,718 LandScan cells in the Philadelphia model domain. Dasymetric modeling is similar to simple area-weighted interpolation, but uses ancillary spatial resolution to augment the interpolation process (Wright 1936; Langford and Unwin, 1994; Eicher and Brewer, 2001; Mennis, 2003) . A number of high-resolution ancillary databases, such as land cover and land use, roads, and cultural landmarks were used to distribute the school-aged children to residences within and among census blocks. Land cover/land use is one of the most relevant attributes used in this endeavor; see Monmonier and Schnell (1984) . The Dasymetric modeling approach employed in LandScan population distribution models has been discussed in detail by Dobson et al. (2000) ; Bhaduri et al. (2007) .
School Data
School location and enrollment data in Philadelphia was obtained by integrating various school databases from the Tele Atlas North America (TANA) Dynamap 2000, the School District of Philadelphia, the Pennsylvania Department of Education, the Philadelphia Yellow Pages, and the National Center for Educational Statistics (NCES); see Patterson et al. (2007) . Although no single database was found to be completely comprehensive, they overlapped in content, and each provided one or more attributes of the school situation in Philadelphia, such as school name, location, and enrollment by school type. The combined database included a total of 578 private and public K-12 schools and 273,128 children enrolled in them in [2003] [2004] (Table 1) .
There was a disparity between the number of school-aged children estimated to live in Philadelphia (301,346) in 2003 and the number enrolled in school (273,128). After accounting for 3% home-schooled children, a difference of 29,306 children existed between the two estimates. To rectify the estimates, 578 LandScan cells having a small number of school-aged children were randomly eliminated (in proportion to total school enrollment) to ''normalize'' the total number of school-aged children going to school on a given day to the State's enrollment value. Thus, our work does not address school commuting patterns for the ''removed'' 29,306 children (9.7% of total school-age children). We feel that using a random elimination process will not bias our results significantly.
Whereas the TANA dataset represents schools by polygons, the NCES dataset reports school locations as points. To ensure uniformity, the polygons were converted to point locations, which were verified using 1-m resolution aerial photography available through Google Earth. Point coordinates were placed in the approximate center of a school building (or other building type, such as a church, used for private schools). The majority of school buildings were easily identified by the presence of playgrounds and/or sport fields. Smaller downtown schools were more difficult to identify, and the Google address locator was utilized to identify the proper building. Street addresses provided by the NCES website were assumed to be accurate.
School assignment algorithm
School-specific ''catchment'' areas could not be obtained from the School District of Philadelphia. A constrained space/ time allocation algorithm was used to assign each child to a particular school. A distance/time travel-based optimization model was solved to minimize time and distance traveled by students living around each school. For allocating students to public schools, a single constraint/spatial interaction model (a ''gravity model'') was adopted (Miller and Shaw, 2001 ). This model is often used to estimate aggregate ''flows'' (of people, telephone calls, shopping trips, etc) between two points (origin and destination) as a function of selected attributes of each point and the transaction ''costs'' between them. Formally, a ''singly destination-constrained spatial interaction model'' was used to generate school commuting estimates for public school children in Philadelphia.
For students attending charter and private schools, the approach used was a reverse allocation. Using the number of enrolled students in these schools, the allocation model spatially assigned those children to home census blocks using two parameters: distance to school and school-aged population in each block. In the case of private school children, block group household income level was used as an additional model parameter, which was optimized spatially to conform to the total enrollment value for each private school.
School Commuting Approach
Modeling individual children's commuting to their school involved a number of subtasks. School commuting ''paths'' were developed for the children after they were assigned to a school using a ''discrete event-based simulation approach''. Students initially were assigned to the nearest roadway or street intersection, and a shortest-path algorithm ''routed'' each child to the proper school. Two modes of transportation were simulated: pedestrian and vehicular, and the temporal pattern of these commutes had to be established. The LandScan USA school transportation network for Philadelphia consisted of 34,788 nodes (intersections) joining 52,423 links (individual road segments). Major road locations were determined from the US Census Tiger files information (usa/trans/mjrrds.sdc-/mjrrds) and are shown in Figure 1 . Major roads include: interstates, US and State highways, major streets, and thoroughfares in urban areas (www.espri.com/metadata/esriprof80.html). The Tiger files included most F but not all F roadways for which ADT count data were provided by the Delaware Valley Regional Planning Commission (DVRPC), the transportation planning organization for the Philadelphia area (Stevens, 2007) . Compared with DVRPC data, the Tiger files major roads used in our analyses undercount the number of roadways having ADT information by approximately 10%. However, we stayed with the Tiger file information to be consistent with the home and school distribution process. Thus, the actual impact of major roads on school children's commuting patterns is higher by some unknown amount than that analyzed here, but the undercount probably is small as the DVRPC data include streets with as few as 200 vehicles per day.
The traffic simulation model assumed that roadway links were controlled only by stop signs at intersections F except for Interstate highways F and utilized standard ''carfollowing'' algorithms. In this manner, vehicle speed was computed as being constrained by a safe specified gap between cars, speed of the leading car, distance remaining on a link, and maximum allowed speed for a link (i.e., the posted speed limit). Lane switching was assumed to only occur at roadway intersections.
The modal split of school commuting is quite complicated in Philadelphia. Children get to/from school by the following methods: walk, bike, public mass transit (buses, subways, subway-elevated trains, and trolleys), taxi-cabs (vouchers are provided by the School District), and by school bus. Some students in private and charter schools are provided transportation by the public Philadelphia School District (PSD). Transportation data provided by the District (PSD, 2007 ) are available at the aggregate level only and not for individual schools. Of the 210,430 students enrolled in the PSD in 2006/2007, 19% are transported by school bus or by taxi (not differentiated between), and 16% use free or subsidized tokens on public transit. This leaves 65% of the students who walk to school or get there by a private motor vehicle. There are 1,317 bus routes and 132 taxi routes for the 39,420 students transported by those modes (in 2006/ 2007) . Assuming that 2-3 children maximum ride in a taxi per trip, we estimate that only 1% of these students travel to school by cab. Therefore, only about 18% of students in Philadelphia schools use a school bus. For public school systems, this is a low proportion of the student population (Martin and Carlson, 2005) . These estimates are essentially the same for the 2004 time period: 1,313 bus and 137 cab routes; 39,632 students transported by bus and cab; 33,284 using free and/or subsidized tokens (PSD, 2007) . The total number of students transported in 2004 was 72,916 and in 2006 was 72,499, less than a 0.6% difference.
Data did not exist to precisely estimate how many students walked versus how many used a private vehicle. Except for unusual exceptions (disabilities or hazardous roadways), the PSD does not provide transportation of any type F including tokens F for students living within 1.5 miles of their school. Therefore, we assumed that elementary and middle school children walked to school if they lived within 1 mile of their school, and within 1.5 miles of their school for high school students. Nationally, o3% of school commuting trips are by bike, and even lower in large urban areas (Dellinger and Staunton, 2002) . The low use of bikes in large urban areas is due to economic constraints on owning a bike, safety considerations associated with using it on narrow city streets, and a high theft rate of bicycles parked at schools (Frank and Engelke, 2001 ). Therefore, biking was not included as a separate commuting mode in our assessment; any biking that would occur is considered to be walking. Exercise physiologists generally combine the two modes, anyway, into a category called ''active commuting'' (Kerr et al., 2006) ; therefore, there is precedence there, even though we use only one term for both activities. On the basis of the above logic, we estimate that 170,018 children in Philadelphia (62.2%) walk to school in the morning and 103,110 (37.8%) use some type of motor vehicle. The percentage estimate of children walking to school is nearly identical to the 62.4% proportion found, on average, in urban areas based on the 2001 National Household Travel Survey (Ham et al., 2005) .
With respect to walking speeds for school-aged students, a review of the exercise physiology literature indicates that for distances o1 mile elementary children walk between 2-4 mph and middle and high school adolescents walk between 2.5-4.8 mph (Ebbeling and Ward, 1992; Dellinger and Staunton, 2002) . McDonald (2007b) indicates that the median walk speed of all school age children is 2.7 mph, in the low end of the above ranges. We used the above ranges as lower and upper limits of a triangular distribution (with a mode equal to range mean) for our modeling of school commuting. Monte Carlo sampling was used to assign a particular walking speed to each student for purposes of moving the child along the minimum-distance path to school.
We assigned specific times when they went to school in the morning based on children's walking and motor vehicle driving speeds, but that work will be a part of our modeling efforts and is not very relevant here. The information involves obtaining school start and stop times, average traffic speeds on City streets and on major roadways (by type), the usage pattern of before-and-after school programs, and other temporal considerations. These data will be presented in our further work.
An analysis was performed to determine an appropriate time resolution for LandScan estimates of children's morning school commutes, which balances the large data files needed for exactpath modeling against modeling efficacy and costs. Alternatives tested were 1-and 5-min aggregation periods. An example of school commuting path differences using a motor vehicle for these two aggregation intervals is shown in Figure 2 . Aggregating the data to either time period ''cuts the corners'' of realistic commuting paths rather than explicitly following the existing street pattern. This happens more, of course, for the 5-min than for the 1-min aggregation, and for motor vehicle commuting than for walking due to the higher travel speeds covering greater distances for the same time interval. Therefore, we used the trace method to connect two points, assuming that students will follow the shortest route, where possible. In this manner an instantaneous estimate of each student's home-toschool location is obtained; see Figure 2 .
In summary, we assumed that students walked to school if they lived within 1 mile of an elementary or middle school and within 1.5 miles of a high school. These are feasible distances (McDonald, 2007a,b) . Otherwise the children commuted to school by some type of motor vehicle, which was not further differentiated by type (there are six Analyses of school commuting data Xue et al.
different possibilities). Sampling from triangular distributions determined how long it took a student to walk to school, and an overall speed limit of 45 mph determined how long it took to drive to school by a motor vehicle. The path to school followed a minimum feasible distance given the street and roadway system linking the child's home to school. The School District's schedule (or a private school, as applicable) was used to determine elapsed time spent in school, but that factor plays no role in the current work.
Results
The distribution of time and distance commuting to school in Philadelphia by walking and motor vehicles is depicted in Figures 3a and b , respectively. The median distance traveled by children walking to school is about 0.25 miles, with an interquartile range (I-QR) of 0.1-0.75 miles. The median time spent by walkers is about 8 min per commute, with an I-QR between 4.5-12 min. The median speed for children walking to school is 1.9 mph with a maximum rate of 2.6 mph, well below what school-aged children are capable of (McDonald, 2007b) . For motor vehicle commuting, the same statistics in Philadelphia are 2 miles for the median distance and 1.5-3.2 miles for the I-QR. The median time for motor vehicle commuting is about 3.5 min per commute, with the I-QR being 2-5 min. The median speed for in-vehicle commutes is 28.3 mph, with 25-33 mph for the I-QR. These estimates are from the ''car-following'' modeling logic noted above, and do not account for system-wide congestion. Thus, our running speed estimates are much higher than 
McDonald (2007b) provides for mean driving speeds in urban areas (15 mph).
Aggregation of the data also impacted the number of census blocks, block groups, and tracts that students in Philadelphia contacted or crossed during school commuting. The proportion of census unit misclassifications associated with using 1-and 5-min aggregations compared with the time-unconstrained raw data is shown in Table 2 . As expected, the percentage of commuting students misclassified to a census unit increased as size of the census unit decreased. For children who traveled by motor vehicles, a 5-min aggregation of the data resulted in 90% census block misclassification, 73% for the block group level, and 54% at the census tract designation. For pedestrians, aggregating on a 1 min basis resulted in only 5% being misclassified at the census tract level, whereas 40% were misclassified on a census block basis. These potential misclassifications are not addressed in any exposure analysis that we could find, but could be important depending on how air quality concentration data (either measured or modeled data) are spatially ''assigned'' to population centroids in an urban area. As a practical compromise, we use the 1-min interval aggregation period for these results.
Census Units Crossed during School Commuting
Most exposure models do not address air quality differences between a child's home locations and her or his school location. One common assumption is that children go to school in the same census tract as their home location. The LandScan results allow us to evaluate that assumption.
Distributions of the number of census blocks, block groups, and tracts that students in Philadelphia crossed during their commute to school by modal type using the 1-min data are shown in Figures 4a and b . For walking, most children stayed within one census tract (I-QR: 1-2 tracts). The median number of census tracts crossed when using a motor vehicle to get to school was 4 (I-QR: 2-7 tracts). The median number of census blocks crossed during the school commute was 10 for pedestrians and 29 for vehicle commuters. Interquartile variability across students increased with decreasing size of the census unit, especially for children using a motor vehicle to get to school, as expected.
Distances from Major Roadways
The LandScan modeling results also allow us to analyze distances from major roadways to residences and schools in Philadelphia. Distributions of the shortest linear distance between a major roadway and modeled home and school locations are shown in Figure 5 . The two distributions are similar, with 50% of student's residences being located within 160 m of one or more major roadway (I-QR: 100-300 m). About 33% of student homes are within 100 m of a major roadway. Fifty percent of the schools are within 140 m of one or more major roadway (I-QR: 50-300 m), and about 40% of the schools are within 100 m of a major roadway. Thus, both student's homes and schools are located within close proximity of major roadways having potentially high concentrations of motor vehicle pollutants.
Discussion and conclusions
On a national basis, 52.2% of children in urban areas live within 1 mile of their school and 67.4% of them walk to school according to a nationally representative study of 9-15-year-old children and adolescents called the ''Youth Media Campaign Longitudinal Survey, '' undertaken in 2004 '' undertaken in (Martin et al., 2007 . The corresponding values for the Philadelphia application of the LandScan model are 44.8% and 62.2%; therefore, our data are roughly representative of both the length and mode of school commuting for the nation as a whole. They are not representative, however, of other areas of the country participating in the Trial of Activity for Adolescent Girls (TAAG) study in which only 15% of students walked to school and 1% biked (Saksvig et al., 2007) . The TAAG study, however, does not focus on urban areas and, therefore, probably, is not too relevant to the Philadelphia situation. DeCastro et al. (2007) provide sophisticated analyses of time and location patterns of high school students in two major urban areas, Los Angeles and New York City. However, they concatenate the ''in-transit'' location with all other outdoor microenvironments, therefore, it is difficult to compare our findings with theirs regarding the commutingto-school activity. Green et al. (2004) provide the following percentages of California schools that are located within 150 m of major roadways by ADT (Average Daily Traffic) categories: their estimates are 60% for o25,000 ADT, 7% for 25,000-49,000 ADT roadways, and 3% for 50,000 ADT highways. Summing these ADT categories indicates that 72% of California schools are located within 150 m of a major roadway versus the 52% that we found in Philadelphia. There are a number of possible reasons for the differences between the two cities, and we provide the Los Angeles values for comparative purposes. They were the only distance-major roadway estimates than we found in the literature.
The 150 m distance, by the way, is arbitrary and health effects have been associated with much larger distances away from major roads. For example, significant FEV1 growth reductions F a marker of lung damage F over 8 years have been found in 18-year-old adolescents living within 1,500 m of a freeway in California (Gauderman et al., 2005) . Kim et al. (2004) showed that respiratory symptoms were associated with traffic-related pollutants 300 m from major roadways (and that prevailing wind direction vis-a`-vis road locations was an important factor in explaining high respiratory symptom odds ratios).
Even though the cumulative frequency distributions of distances away from major roads shown in Figure 5 look similar for homes and schools, exposure profiles for individuals living or traveling near them may be very different due to specific roadway ADT levels, meteorology, etc (Baldauf et al., 2008) . The coincidental nature of the cumulative frequency distributions has no relationship with any type of census categorization either; they relate totally to roadway-receptor geometry.
Our use here of GIS methods to assess environmental exposures is not new. GIS has earlier been used in a number of US environmental monitoring or exposure modeling studies, including Wilhelm and Ritz (2003) ; Baxter et al. (2007) ; Clougherty et al. (2007) . What is new here is the high degree of spatial disaggregation of school children's commuting patterns using GIS-based databases. One finding of direct modeling interest is that using the same census tract for home and school commuting pattern is adequate for children who walk to school, but is quite inaccurate for children using a motor vehicle (38% of the sample in Philadelphia). Our findings have an implication with respect to school commuting algorithms used in EPA's APEX and SHEDS models. The impact of doing so will be evaluated in our future work in which one or both of these models will be exercised using the same-tract and ''actual-path'' scenarios. A decision on whether or not model performance will be improved by using detailed commuting information depends on the costs in time and money of doing so (which we now have experiential knowledge of), as well as obtaining more rigorous results. That will be explored in a future project.
Shortcomings of our study mostly relate to the modeling approach used to allocate children to each school. There was no opportunity to evaluate reasonableness of the assumptions and decision rules used to model school commuting patterns in the city of Philadelphia. They essentially are constructs of the real situation, useful for testing hypotheses and determining modeling consequences of interrelated variables, but our results can only be used relatively and not in an absolute sense. What is needed is GPS-based school commuting monitoring information similar to that obtained by Elgethun et al. (2007) in a study of young children's movements during the weekend and by in a school-day study in Australia. The latter used GIS-based modeling techniques to allocate school trips much as we did, and then compared their allocations with actual routes taken on 59 to-school and 54 from-school (each one-way) commutes by elementary school children using a GPS unit. Their age was 11.1 ± 0.8 years. GISestimated distances of commuting distance were not significantly different than the actual GPS-measured route length, although subsequent work by the same authors raised questions about validity of distance measurements from GPS units . However, the GIS method overpredicted the number of busy intersections crossed and the number of busy streets walked along . The authors conclude that their subjects sought out less-traveled routes to school than the GISshortest possible route. That could be a factor in our analyses also. However, given the high building densities in Philadelphia and its gridded street system, which minimizes roadway substitutions available to any student, this problem probably would not occur as often as it did in suburban Australia. The GIS-shortest route assignment algorithms that we used should certainly be evaluated with measured data. We know of no other published studies of school children's commuting patterns using GPS measurements in this country, although at least one is currently being conducted in California (Lurmann, 2007) .
Our study in Philadelphia indicates that (1) the majority of students do not attend school in their home census tract and (2) serious spatial misclassification can occur by aggregating time and space when evaluating children's school commuting patterns. Exposure misclassification is a critical issue in exposure models and in epidemiological studies (Gilliland et al., 2005) . Our work indicates that a significant number of school children reside in homes and go to schools that are located near a major roadway (o150 m), potentially resulting in high exposures to motor vehicle air pollutants throughout the day. Future work will evaluate the impact of our results reported here on air pollutant exposures for school-aged children in Philadelphia, using sensitivity analyses to quantify the impacts of ignoring or using the findings of our analyses. We hypothesize that accounting for proximity of home and school locations to major roadways and the time spent by children commuting to school is likely to result in statistically significant higher exposure estimates to mobile source pollutants than would be obtained using a less-detailed assessment. We hypothesize that this effect will be more important at the higher percentiles of the exposure distribution (490%). We plan to test these hypotheses using both benzene and particulate matter, but think that the findings will be applicable for all conservative mobile source air pollutants.
